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The assessment of potential health risks
associated with human exposure to chemi-
cals is performed in four steps: (1) hazard
identification, (2) exposure assessment, (3)
dose-response assessment, and (4) risk char-
acterization (National Academy of Sciences,
1983). Once the toxic effects of a chemical
are Identified (*hazard identification™), the
health risks associated with human exposure
to that chemical are characterized (“risk char-
acterization”) by combining quantitative in-
formation on its exposure levels ("exposure
assessment”) and on the dose-response re-
fationships for various toxic effects (“dose-
response assessment”).

The original NAS report used the expres-
sion “dose-response assessment” to refer to
the process of estimating the expected inci-
dence of response for various exposure lev-
elsinanimals and people. Tissue dose ofthe
toxic molety is not always directly related to
exposure level, especially at the higher expo-
sure levels frequently used in toxicological
studies. In these cases, tissue disposition of
chemical changes from one exposure level to
the next and the basis of this exposure level-
dependent behavior must be ascertained to
accurately predict response incidence across
exposure levels. Because of the need to
clearly distinguish the concepts of exposure
level and dose to critical tissues, we empha-
size the use of the more comprehensive
“exposure-dose-response assessment.”

The expression“exposure-dose-response
assessment” refers to the determination of
the quantitative relationship between expo-
sure levelsandtargettissue dose, and further
the relationship between tissue dose and
observed/expected responsesinanimalsand
.peop|e. This portion of the risk assessment

This article is based in part on a presentation
by Dr. Andersen at the 1991 EUROTOX
Congress held September 1-4, Maastricht,
The Netherlands.

In quantitative risk assessments, the “dose-response assessment” provides
information necessary for predicting the expected incidence of response at
various exposure levels in laboratory animals and people. Because of the
importance in distinguishing between exposure levels and dose to critical
target tissues, the CIIT research program emphasizes the use of a more
comprehensive terminology, “exposure-dose-response assessment.” The
present uncertainties surrounding conventional low-exposure level and
interspecies extrapolation of response incidence can be improved when the
results of mechanistic toxicological research are interpreted within the
context of biologically-based models. This article examines the progress in
developing biologically-based simulation models of toxicant disposition,
toxicant-target tissue interaction and tissue responses, and the role these
models play in providing a risk assessment orientation for CIIT research

efforts.

process still requires the extrapolation of tis-
sue dosimetry and tissue response observed
at high exposure levels to those expected at
low exposure lavels in test animals, and the
extrapolation of toxicologically-equivalent ex-
posure levels from test animals to humans.
In conventional risk analysis for carcino-
gens, the high exposure level to low exposure
level extrapolation is performed using the
linearized multistage model (LMS), and inter-
species extrapolation is conducted using a
conversionfactor based on body weight (BW),
usually BW22 or BW'. For systemic toxicants,
a reference dose (RfD) or a reference con-
centration (RfC), an exposure level for hu-
mans below which a- significant risk of ad-
verse effects is not expected, is derived by
dividing the no-observed adverse effectievel
(NOAEL) in rodents by a safety factor ranging
from 10 to 1000. In general, these default
extrapolation approaches are used because
knowledge of the mechanisms of disposition
of the toxicant and the mechanisms by which
responses are produced is insufficient to al-
low more customized approaches. This ar-
ticle examines the progress at CliT in devel-
oping approaches for mechanistic modeling
of chemical disposition, of toxicant-target tis-
sue interaction and of tissue response to

improve exposure-dose-response assess-
ments for a variety of important chemicals.

Mechanisms in Toxicology

Toxicological research may focus on bio-
logical responses observed at various levels
of organization, i.e., molecular, cellular, tar-
get organ, organism, or population level. At
eachlevel of biological organization we speak
of the “mechanisms” responsible for these-
effects. “Mechanism” refers to the critical
biological factors that regulate the occur-
rence of a particular process and the nature
of the interrelationships among these fac-
tors. Obviously, the mechanisms of interac-
tions at the molecular level are very different
from the mechanisms at work on populations.
However, in each case mechanism refers to
the biological determinants that control the
responses at the level of organization. For
ourpurposes, we are interested in the mecha-
nisms by which three particular processes
take place: (1) the disposition of chemicals
throughout the body, (2) the initial biochemi-
cal interaction between chemical and target
tissue, and (3) the progressive molecularand
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1



ISSN 8755-4259

[CTIACTIVITIES

Published monthly by the Chemical Industry
Institute of Toxicology. Correspondence
should be directed to Willanna Griffin, CIIT
Information Services, P.O. Box 12137, Re-
search Triangle Park, NC 27709. Telephone,
919/541-2070.

Roger O. McCleflan, D.V.M.
President

James A. Popp, D.V.M., Ph.D.
Vice President

SUPPORTING COMPANIES

Air Products and Chemicals, Inc.

Allied Signal, Inc.

Amoco Chemical Company

ARCO Chemical Company

BP America, Inc.

Chevron Corporation

CIBA-GEIGY Corporation

The Clorox Company

The Dow Chemical Company

Dow Coming Corporation

E. I. du Pont de Nemours and Company

Eastman Kodak Company

Ethyl Corporation

Exxon Chemical Company

Fina Qil and Chemical Company
Subsidiary of American
Petrofina, Inc.

FMC Corporation

General Electric Company

Georgia Gulf Corporation

The BFGoodrich Company

W. R. Grace & Co.

Hoechst Celanese Corporation

Hdils America Inc.

IC1 Americas Inc.

International Specialty Products

The Lubrizol Carporation

Lyondell Petrochemical Corporation

Mallinckrodt, Inc.

Miles Inc.

Mobil Research and Development
Corporation

Monsanto Company

Nalco Chemical Company

National Starch & Chemical Company

NOVA Corporation of Alberta

Occidental Chemical Corporation

Olin Corporation

Phillips 66 Company

PPG Industries, Inc.

The Procter & Gamble Company

Quantum Chemical Corporation

Reichhold Chemicals, Inc.

Rhone-Poulenc, Inc.

Rohm and Haas Company

Sandoz Crop Protection Corporation

Schuller International, Inc.

Shell Chemical Company

Texaco Inc.

Union Carbide Corporation

Unocal Corporation

Volkswagen of America

Vulcan Materials Company

Mechanistic Toxicology (from page 1)

cellular alterations emanating from the initial
interaction leading to toxicity.

Biological Modeling

Biological modeling is the process of de-
veloping mathematical descriptions of the
interrelationships among the mechanistic
determinants of the events of interest. This
approach involves (1) identification of the
mechanisticdeterminants (i.e., physicochemi-
cal, physiological, biochemical and molecu-
lar factors) of the exposure-tissue dose—
tissue response continuum (Fig. 1), and (2)
encoding the interrelationships among the
mechanistic determinants in mathematical
equations. The solution of these equations
by analytical or numeric methods predicts the
behavior of the biological system under a
specified set of experimental conditions. The
prediction may be related to dosimetry, mo-
lecular interactions, or tissue response. The
extent to which predictions coincide with sub-
sequent experiments is a test of the “correct-
ness” of the proposed mechanism(s). In this
sense, these mathematical models are actu-
ally quantitative statements of our proposed
hypothesis of toxic action. These models
then become central factors in maintaining
the risk assessment focus of ongoing re-
search. Experiments, designed based on
these working hypotheses, confirm, refute, or
alter these hypotheses. In the following sec-
tions, we now separate these modelingareas
into disposition, interaction with critical target
sites, and tissue response, primarily as re-
lated to chemical carcinogenesis.

Mechanistic Biological Modeling
of Chemical Disposition

Disposition includes absorption, distribu-
tion, metabolism and elimination of chemi-

cals. The mechanistic determinants of the.

disposition of achemical and its metabolite(s)

‘inanorganisminclude physicochemical(e.g.,

tissue and blood solubility), biochemical (e.g.,
kinetic constants for metabolism and protein
binding) and physiological factors (e.g., ana-
tomical characteristics, air flow rate, blood
flow rate, glomerular filtration rate, tissue
volumes, alveolar ventilation rate). The inter-
connections among these determinants of
chemical disposition can be described with a
series of differential equations, producing
mechanistically-based dosimetry models.
Dosimetry modeling efforts at ClIT focus both
on locally-reactive and systemic toxicants.
The regional dosimetry of inhaled chemicals,
such as formaldehyde, is studied with math-
ematical models of air flow in the upper res-
piratory tract (Kimbell and Morgan, 1990).
Targettissue dosimetry ofsystemictoxicants
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Fig. 1.

The “Exposure-Dose-Response” para-
digm for chemical carcinogens and sys-
temic toxicants.

has been described with physiologically-
based pharmacokinetic (PBPK) models.
PBPK models consist of a series of ana-
tomically-relevant tissue compartments, each
of which receives the chemical via arterial
blood and loses the chemical via venous
effluent (Fig. 2). The compartments may
represent a single tissue, or a grouping of
tissues that have similar blood flow and solu-
bility characteristics. In the PBPK models,
the rate of tissue uptake of a chemical is
typically described either as limited by blood
flow or limited by diffusion from blood into the
tissue. In the case of blood-flow limited
uptake, the rate of change in the amount of a
chemical in the tissue (dA/dt) is described
with a mass balance differential equation,
which accounts for the roles of tissue blood
flow rates (Q,), arterio-venous concentration

€
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ditference (C,-C,), tissue metabolism (dA _/
dt) and in certain cases, the production of
chemicalwithinthe tissue (dPR/dt) (Andersen,
1991):

. dA/dt=Q,(C, - C,) - dA_/dt + dPR/dt

dng .
anmm

The total amount of the chemical in the
tissue (A) then is given by the integral of this
mass balance differential equation. The tis-
sue concentration of the chemical at any time
(C), canbecalculated by dividing the amount
in the tissue by tissue volume.

At CIiT, PBPK models are being devel-
oped to describe the disposition of several
chemicals, including acrylonitrile (Gargas et
al., 1990), 2-methoxyethanol (Clarke et al.,
1991a), 2,2,4-trimethy! 2-pentanol (Borghoff
etal., 1991), methanol (Medinsky etal., 1991),
ethylene oxide (Krishnan et al., 1992), 1,3-
butadiene (Csanady et al., 1992), and furan
(Kedderis et al., 1992). In some cases, the
dosimetry modeling focuses on parentchemi-
cals and in other cases, on toxic metabolites.
In the case of benzene, current research
focuses on incorporating metabolite kinetics
and the interaction between the metabolites
and/orthe parent chemical in determining the
overall disposition of benzene and its me-
tabolites (Medinsky and Gargas, 1990). For
dioxin and related compounds, the changes
in physiological and biochemical parameters

due to the growth of the animal and to induc-.

tion of dioxin-binding proteins resulting from
repeated exposures to the chemical have
been described within a PBPK modeling
framework (Mills et al., 1992). For chioro-
form, current studies are addressing the im-
portance of route of exposure in determining

and rate of metabolic clearance under vari-
ous exposure scenarios (Bumett et al., 1992).

The mechanistic, biological basis of the
PBPK models permits high exposure to low
exposure, interspecies, and route-to-route
extrapolation of chemical disposition (Cleweli
and Andersen, 1985; Krishnanand Andersen,
1991). The principal application of the PBPK
models in our research programisin calculat-
ing target tissue dose of the chemical or its
metabolite.

The next level in the exposure-dose-re-
sponse paradigm relates to how toxicant-
targettissueinteractions occur atthe molecu-
lar level.

Mechanistic Biological Modeling
of Toxlcant-Target Tissue Interactions

The mechanism of toxicant-target tissue
interaction refers to the manner in which the
chemical or its metabolite interacts with bio-
logical targets, initiating steps critical for uiti-
mate toxicity. This initial interaction usually
only constitutes the first of a series of events
which together progress in severity to yield
oven, irreversible toxic sequelae.

In the chemical carcinogenesis theme at
CIIT, three general classes of chemical car-
cinogens are under investigation: DNA-reac-
tive chemicals, cytotoxic chemicals, and mi-
togenic chemicais. Mechanistic models of
the initial toxicant-target interaction are being
developedtor prototype chemicals within each
class.

For DNA-reactive chemicals, initial target
tissue interaction is the formation of DNA
adducts. With ethylene oxide, for example,
the rate of change in the amount of DNA

the disposition kinetics, extent of absorption,  adducts in the various tissues (dA_, ,,/dt) of
inhaled Exhaled
chemical chemical
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Fig. 2

Structure of a typical physiologically-based pharmacokinetic model for volatile

organic chemicals.

rats and mice is believed to be related to the
concentration of the chemicalinthe tissue (C

o) the concentration of DNA in the tissus
(Copa): the volume of the tissue V), the
concentration of the adduct at any given time
(Ceoona) @nd the rate constants for the for-
mation (k) and removal (k) of the particular
adduct in each tissue:

dAgo ona/dt = Kk C(-EO Cona

EO-DNA 74

V,-

The concentration of tissue DNA adducts
is determined by dividing the amount of the
adduct by tissue volume.

Forcytotoxic chemicals, the initial cellular
interactions are frequently associated with
the delivery/accumulation of sufficient doses
of reactive chemical in the tissue to kill indi-
vidual cells. Some reactive chemicals form
long-lived, covalently bound tissue adducts
(e.g., carbon tetrachloride, acetaminophen).
Other chemicals, such as chioroform, seem
to be metabolized to toxic intermediates that
are short-lived in the cell. Chloroform is
biotransformed in the liver to phosgene and
HCI. With chioroform, the high rate of forma-
tion of the reactive intermediate is associated
with the death of some liver cells. Modeling
this process requires mechanistic assertions
about metabolism and linking the metabolic
rate to cell death by empirical relationships
that are not yet fully developed on a mecha-
nistic level. Along these lines, Reitz et al.
(1990) developed a quantitative description
of chloroform-induced cell death based on
information on the rate of formation of the
reactive metabolite (dA__/dt), humber of vi-
able hepatocytes (N,), volume of the liver (V),
and the rate at which the cells at risk die

(Koam):
dN,/dt = - k., SENS N,

where SENS = normal or lognormal distribu-
tion of cell sensitivity to cytotoxicity as a
function of (dA __/dt)/V. This distribution
provides an estimate of the proportion of
cells at risk at any time and was empirically
derived from in vivo experiments.

Dioxin, a tumor promoter in laboratory
animals, acts via specific receptors to modu-
late gene expression, cell growth and ditfer-
entiation. Among the proteins induced by
dioxin is a particular hepatic protein, cyto-
chrome P4501A2, to which dioxin binds. In-
duction of this binding protein results in a
concentration-dependent shift in dioxin to
the liver at high exposure levels. The de-
scription of dioxin dosimetry includes infor-
mation about the regulation of gene expres-
sion for P4501A2 by dioxin. Theinterrelation-
ship among the concentration of dioxinin the
venous biood leaving the tissue (C ), the
basal (P4501A2,) and maximally inducedlevel

(Continued on page 4)
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Mechanistic Toxicology (from page 3)

of the gene product (P4501A2__ ), andthe Ah
receptor-dioxin dissoclation constant (K),
has been used to describe the exposure-
level-dependence of dioxin accumulation in
the liver (Andersen and Greenlee, 1991).
The amount of P450lA2 at any time, t, was
calculated from the following expression:

P450IA2{1) = P450IA2, +
P4501A2,  C /(K+C,)

P450IA2 is not expected to be directly
associated with toxic or promotional efficacy
of dioxin. Modulation of growth regulatory
genes, though, can also be quantitatively
examined by similar strategies and levels of
these gene products linked to the effects of
dioxin on cellgrowth and differentiation. More
recent descriptions of dioxin induction of
P4501A2 have included ternary complexes
between the Ah receptor, dioxin and DNA-
binding sites (Mills et al., 1992).

In each example above, the toxicant-
target interaction is described mathemati-
cally by equations that include the critical
determinants of dosimetry and initial tissue
interactions. For interspecies extrapolation
of the mechanism of action of a chemical,
quantitativeinformation on the critical biologi-
cal determinants (e.g., the rates of formation
and degradation of macromolecular adducts
and the relative sensitivity of cells from differ-
ent species) needs to be obtained for the
animal species of interest. Quantitative infor-
mation about these critical determinants can
frequently be obtained by using celis or tis-
sues in vitro to measure adduct formation
rates, sensitivity of hepatocytes to cel killing,
ordose-response of enzyme induction. Once
these in vitro techniques are determined to
faithfully predict in vivo interactions in ani-
mals, similar in vitro studies using human
tissues can be performed to provide the re-
quired parameters for the models to conduct
interspecies extrapolations.

Thus, biologically-based models of toxi-

huthes

Do D1

Fig. 3 .

Biologically-based cancer response
model. In this model, a normal cell (N)
goes through two, step-wise mutational
events (PM) to become a malignant cell
(M). Rand Drepresentthe replication and
death rates of the normal (0) and interme-
diate (1) cells.
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ROLE OF TOXICANT-TARGET TISSUE INTERACTIONS IN
CHEMICAL CARCINOGENESIS AND IN THE EXPRESSION OF

OTHER TOXIC ENDPOINTS
Type of Example Type of possible Other toxic endpoints
toxicant-tissue carcinogenic caused by same
interaction effects interaction
DNA-reactivity Ethylene Initiator Reproductive and
oxide developmental toxicity
Cytotoxicity Chloroform Initiator(?)/ Hepatic and renal
Promoter toxicity
Stimulation of TCDD Promoter Teratogenic/other
cell growth organ-level toxicity

cant-target tissue interaction provide both a
clear focus for experiments on the mecha-
nisms of action with emphasis on extrapola-
tion and link the tissue dosimetry of the toxic
moiety to early biological sequelae of the
toxicant interaction.

Mechanistic Blological Modeling
of Tissue Response

The interaction of toxic chemicals with
biological macromolecules may initiate cellu-
lar changes that lead to measurable toxic
responses. DNA adducts may cause muta-
tions; cytotoxic metabolites can kill individual
cells, leading to enhanced cell proliferation
for tissue repair; and expression of growth
factors can act as a direct proliferation stimu-
lus. The quantitative influence of each of
these processes on tumor outcome can be
described with biologically-based tissue re-
sponse models.

Two-stage biologically-based cancer
models, such as the Moolgavkar-Venzon-
Knudson (MVK) model (Fig. 3), represent
carcinogenesis as an end result of two critical
events that correspondtoirreversible genetic
changes (mutations)— one converting a nor-
mal cell to an intermediate cell genotype
and a second converting the intermediate
cell to an overtly malignant genotype
{Moolgavkar and Venzon, 1979; Moolgavkar
and Knudson, 1981). This MVK formulation
accounts for the growth of normal and inter-
mediate cell populations over time. The
mode! adequately describes the incidence of
certain human cancers, such as
retinoblastoma, where the cancer is manifest
after the loss of function of both alleles of a
tumor suppressor gene in the malignant cell
{Moolgavkar, 1986).

Much more research is necessary to de-
termine if this model is an adequate descrip-
tion of the mechanisms underlying chemi-
cally induced tumors, but the MVK descrip-
tion certainly provides a basis for developing
testable hypotheses and provides a vehicle

for introduction of biological data into the
exposure-dose-response 2analysis for toxi-
cants (Thorsiund et al., 1987; Conolly et al.,
1992). The parameters of the MVK model are
interpretable in biological terms. For ex-
ample, the model parameters D and R (Fig. 3)
are altered, respectively, by cytotoxicants
(e.g., chloroform) and promoters (e.g., diox-
ins), whereas PM is increased by DNA-reac-
tive chemicals (e.g., ethylens oxide, buta-
diene epoxide, cyanoethylene oxide).

At CIIT, the biologically-based response
modeling approach has been used to simu-
late the growth of putatively preneoplastic
foci of altered growth in rat liver. Simulations
have been developed both for spontane-
ously-occurring foci (Conolly etal., 1991) and
forfociin rats initiated with diethyinitrosamine
and promoted with Wy-14,643 (Marsman et
al., 1991). The modeling indicated that the
effects of Wy-14,643 on both cell divisionand
death rates accounted forthe observed growth
of foci.

Compared to biologically-based model-
ing of chemical disposition and of initial toxi-
cant-target tissue interaction, biologically-
based modeling of tissue responses to toxic
agentsisinitsinfancy (Conolly and Andersen,
1991). The lag in response modeling is due
in part to the more complicated nature of
biological eventsinvolvedincancerand other
well-developed pathologica!l effects. This
may also be a reflection of the persistent
notion that tissue response models can only
be created once all the data are available and
there is widespread agreement on the
mechanism(s) of toxicity. In practice, this
takes a long time and, in fact, one never has
“perfect” knowledge. Therefore, these mod-
els need to be developed early on in the
research program from available data and
used as research tools to identify data gaps
and prioritize research.

There is often a tension between model
building activities and mechanistic research.
Many scientists would argue that these two
functions are separate from one another, i.e.,



mechanistic research provides from a dis-

tance the grist which is required to_generate
the models. This independence of the two
activities represents one approach, but it is
quite inefficient. Ideally, the goal shouldbe to
use these models (i.e., the quantitative hy-
pothesis of action) to assist in selecting, pri-
oritizing and designing those mechanistic
studies that are most likely to provide an-
swers to questions/issues that must be re-
solved in order to conduct risk assessment
for a chemical. In essence, integration of the
available data into a model efficiently identi-
fies data gaps. These data gaps may be
related to specific experiments designed to
obtain quantitative values for metabolic rates,
concentration of specific gene products, etc.,
or be related to areas in which clear mecha-
nistic hypotheses are vague or absent. For
instance, what are the cellular events re-
quired for cell death from reactive metabo-
lites of chloroform, or the events required to
yield a mitotic event following treatment with
dioxin? These quantitative modelsintumare
enriched, altered, or overthrown by the accu-
mulation of new results from the model-di-
rected experiments.

Mechanistically- and Bilologically-Based
Risk Assessment

The major advantage in combining
mechanistic toxicology studies with a model-
ing framework is to increase the likelihood
that results from these studies will eventually
impact human health risk assessment. Inthe
past, and even today, most mechanistic toxi-
cology studies tend to be qualitative and fall
into the extreme left side of the sphere shown
in Fig. 4. Integration of mechanistic research
with quantitative biological modeling imparts
a more direct risk assessment orientation to
the research and focuses attention on the
intersection of the two spheres of activity. An
integrated program becomes more efficient
in use of scarce resources and more focused
on human health risk assessment endpoints.

The goal of virtually ail research activities
at CliT is to develop mechanistic information

Studies of
mechanisms
of toxic action

Studies relevant
for human healith
risk assessmant

|

Intersection: Studles of mechanisms of toxicity
with a health risk assessment focus

Fig.4

Approach for selecting mechanistic stud-
les required for conducting quantitative
risk assessment for a chemical.

PBPK(disposition) models

—

o> TISSUE (s>
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Tissue response models

—

TOXICANT-TISSUE »‘ TOXIC
INTERACTION =~ 1 RESPONSE

~—

Toxicant-target Interaction models

Fig.5

Schematic representation of the use of biologically-based models In linking the
mechanisms of the exposure-dose-response continuum.

to permitimproved exposure-dose-response
assessments for important prototype chemi-
cals. The operative strategy is to incorporate
all mechanistic data within a series of “seam-
less” exposure-dose-response models such
that each research activity becomes linked to
the downstream and upstream elements of
the overall exposure-dose-response para-
digm.

This mechanistic research/biological
modeling approach involves the sequential
linking of the three types of quantitative mod-
els (i.e., disposition, toxicant-target tissue
interaction, and tissue response) through
knowledge of the appropriate chemical and
biological determinants (Fig. 5).

in doing so, the dosimetry model trans-
lates the external exposure concentration of
a chemical into the transient or cumulative
concentration of the toxic moiety in the target
tissue. The toxicant-target tissue interaction
model uses the dosimetry information in
mathematical equations to provide an esti-
mate of the extent of the relevant tissue
events that ensue. The sequential linkage of
the toxicant-target interaction model with the
cancer response model is via cell growth and/
or mutation frequency which appear(s) di-
rectly in the differential equations describing
tumor development. The hypotheses for the
exposure-dose-response relationships are
now captured in a set of linked equations that
calculate tumor incidence for any exposure
concentration of a chemical (Fig. 6).

A quantitative cancer risk assessment
strategy based on the mechanistic biological
modeling approach outlinedin this article has
recently been formulated for formaidehyde, a
chemical for which considerable data base
has been generated at the Institute (Conolly
et al., 1992). Specifically, in this case, pre-
dicted target tissue DNA-protein crosslinks
(DPX) resulting from inhaled formaldehyde in
humans are to be used in conjunction with the
relationship between DPX and cell replica-
tion for the rat to estimate expected human
cell replication. This comprehensive model-
ing approach for estimating human cancer
risk from formaldehyde exposure will thus
incorporate scaled pharmacokinetics and an
MVK description configured for the rat.

Tissue response modeling need not be
restricted to cancer as an endpoint. In fact,

the toxicant-target tissue interactions integral
to the research activities in chemical
carcinogenesis at ClIT are also central in
describing the onset of other toxic sequelae
of regulatory importance (Table). Evenwhen
the mechanism of tissue response at the
molecular level is not clearly understood, the
quantitative relationship between tissue do-
simetry of the toxic moiety of a chemical and
tissue response can be examined. This ap-
proach enables the correlation of toxic effects
with the intemal dose of the toxic moiety
estimated with PBPK models, rather than
relying on the environmental/exposure con-
centration of the parent chemical as the dose
surrogate in relating the exposure and re-
sponse to conduct quantitative risk assess-
ment (Andersen et al., 1987). Such an ap-
proach is being used at CIIT to assess the
teratogenic risks associated withexposure to
2-methoxyethanol (Clarke et al., 1991b).

Mechanistic Biological Modeling
in Toxicology Research

Biologically-based modeling offers an
opportunity to effectively integrate individual
mechanistic research activities (e.g., in vitro
metabolism,  pharmacokinetics, macromo-
lecular interaction, oncogene activation,
pathogenesis) withina predictive quantitative
framework. A major advantage of these
models is that they allow the evaluation of the
various plausible hypotheses by computer
simulation. We can ask questions of the “if .
. . then” nature. For example, if the model
structure is correct and the rate of a reaction
or another process is varied, then whatis the
expected impactonthefinaltissue response?
The model can be used to generate quantita-
tive predictions of the expected experimental
outcome based onthe working hypotheses of
the experimentalists, and the most attractive
hypothesis based on the simulations is then
tested experimentally. if the experimental
results differ from the predicted outcome,
then the model has to be modified. Just as
ourideas change with new experimental data/
observations, these biological models are
dynamic constructs that can be continually
updated by new information and the revised

(Continued on page 6)
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Mechanistic Toxicology (from page 5)

models used, in turn, as guides in another
iteration for designing new research studies.

This model-based approach for improv-
ing exposure-dose-response assessment is
really nothing more than a general systems
approach to solving complex interdisciplinary
problems in toxicology. As noted by Kac
(1969): “The main role of modeling is not so
much to explain and predict— though uliti-
mately these are the main functions of sci-
ence— as to polarize thinking and to pose
sharp questions.”

For a risk assessment orientation in toxi-

cology research, these sharp questions per-

tain to how the individual elements of the
exposure-dose-response relationship inform
us of the mechanistic basis for extrapolating
observations in animals to humans and how
to design new studies to estimate the likely
sensitivity of people.

In summary, the biologically-based mod-
eling approach enables the identification,
characterization and integration of the mecha-
nistic determinants of chemical disposition,
toxicant-target tissue interactions, and tissue
responsesinto aquantitative simulation model
of toxic processes. The development of such
integrated mechanistic biological models of
the exposure-dose-response continuum
should enhance our ability to design mecha-
nistic toxicology studies that maintain a hu-
man health risk assessment focus, and to
integrate these aspects more fully into the
risk assessment process.
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Quantitative description of the exposure-dose-response continuum to estimate tumor
incidence for any exposure concentration of a volatile organic chemical (EO) detoxi-
fied by metabolism, based on the working hypotheses of its mechanisms of
disposition, target interaction (e.g., DNA reactivity) and tissue response. The terms
linking any two steps in the process are italicized. Concentration of the chemical in
arterial blood (C ) is determined from the interrelationship between the breathing rate
(Q,), inhaled concentration (C), cardiac output (Q,), venous blood concentration (C,)
and the blood:air partition coefficient (P,). Rate of change in the tissue concentration
of the chemical (dC/dt) is calculated from the tissue blood flow rate (Q,), arteriovenous
concentration difference (C,-C ), the rate of metabolism (dA__/dt) and the volume of
the tissue (V). Ti: : rate of change in the amount of the DN/4 1dducts formed by the
chemical (dA ., ,,./dt) Is represented by the difference between the rate of formation
(afunction of constant (k)), concentration of the chemical in the venous blood leaving
the tissue (C ), volume of the tissue (V,) and the tissue concentration of DNA (C, .} )
and degradation (a function of the adduct removal rate constant (k,), concentration of
the adductatanytime (C, ) and the volume of the tissue (V )). The cancer response
arising from exposure to this chemical is hypothesized to be the end result of two
critical events (N — I; | = M) that correspond to mutations, one converting the normal
cell (N) to an intermediate celi (I) and the second mutation converting the intermediate
cell to a malignant genotype (M). Birth rates of normal and intermediate cells are R,
and R, and death rates are D, and D,, and the mutation frequencies between cell types
are represented as a function of the DNA adduct levels (k ( EO-DNA)). Predicted
cancer incidence is a stochastic function of the numbers of these various cell types
over time. . .
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Design of Cell Proliferation Studies Relating
to Carcinogenesis" on January 14, and Dr.
Kevin T. Morgan discussed "Cell Proliferation
and Nasal Cavity Carcinogenesis” on Janu-
ary 15.

The Institute's research in the area of
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Kimbell, Two Fellows
Join Staff in January

Julia S. Kimbell joined the Institute Janu- .

ary 1 as Applied Mathematician. Dr. Kimbell,
who received a Ph.D. in differential geometry
from Duke University in 1988, recently com-
pleted a postdoctoral fellowship at CliT. She
holds B.A. and M.A.degrees from Middlebury
College and Duke University, respectively.
Dr. Kimbell continues her research on
the pathogenesis of toxicant-induced upper
respiratory tract disease. Her primary focus
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port of reactive gases in relationship to site-
specific lesion development. In addition to
performing experimental studies, she is de-
veloping computer simulation algorithms for
execution on the supercomputer and and the
Institute's workstations. Dr. Kimbell is also
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stochastic modeling of carcinogenic pro-
cesses.
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(Cell Profiferation Conference, con't.)

Proliferation and Nasal Cancer in Rats Ex-
posed to Formaldehyde.”

Monticello, T.M.,and Morgan, K. T.“Form-
aldehyde-Induced Pathology and Cell Prolif-
eration in the Respiratory Tract: Comparison
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